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Mouth Detection Method Based on Improved Faster R-CNN

WEI Wen-Tao, LIU Fei, QIN Chang-Cheng, YU Hong-Liu, NI Wei
(Institute of Rehabilitation Engineering and Technology, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: In the scenario of human-computer interaction by the mouth, the light changes, the complexity of the small
target detection, and the detection method of none generality factors under different scenarios‘have brought great
difficulties to detect the mouth. In this study, we take the face images with differ'é_nt scenarios as data source and propose
a face recognition algorithm based on Faster R-CNN. In this method, multi-scale feature maps are combined in Faster R-
CNN framework for detection. Firstly, we introduce a modified'multi-scale feature map to effectively utilize multi-
resolution information. Then, feature maps need to share the same size, so that element-wise sum operation can be
performed. Features with higher resolution and stronger expression ability can be obtained by up-sampling on the output
feature map. The detegtion performance of the small target is improved. In the training experiment, multi-scale training
and increasing the number of anchor points are used to enhance the robustness of the network to detect targets of different
sizes. Experiments show that the detection accuracy of the mouth is improved by 8%, and it is more adaptable to the
environment compared with the original Faster R-CNN.
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BT EUARAL GE RGN S B A4 M 2% (Convolutional
Neural Networks, CNN) J& —Ff 8 B2 1 VR B 22 3] J7vE,
B PRI X 4, AR R DL B B I 25 1)
N, T E B B R bl bl EURFAE, 8 4 1% SR 0%
A R AIE B OORN B 40 7R 0ok A, TR AT B,
FIJ 2. CNN 7E B bRETARSs R B A ik e pet ),
SHCR I HE A 043 B [ R 77 5 36 1 [ 9 £ 712,
—2%J2 RCNN R4 (115 F X 3k 1) B As i i 05,
Fast R-CNN. Faster R-CNN"PL }2 R-FCN %%, ix K5
IR W 4 BORS BE R, R RS S — KR DL
YOLOP AR 2 1) 45 46 T % 44y a1 ) il 505K A, 4
YOLO. SSD'%%, I 5 y0u 6 W3 i e b, {EURG i
B ELXE T/ H b BROAS D 28 SR AN B AR AH BE T 328 [X 45
(778, BB T 10 FHE 1) D5 vk e v bR R &
RGN FE . {H YOLO X 4% B 3wt JE 4 G AT WS
%14y, 248 B Arhr B ik THRE. SSD i LAk, 5 AN [
TR 245 22 0] U SR AN [ ROBE 2 11, BR SSD R FH g i

HEHEIEIO LA, X/ FAR AR R AT %2 T Faster R-CNN. |

Faster R-CNN % [X 454 i X 4% (Region Proposal
Networks, RPN)PVHI Fast R-CNNVR Wl /9 2% fil 2, Sz
T K FE ) 52, B 4% Faster R-CNN ] CNN
W2 251 IZ R R BIVR, 5 ZF. VGG, GoogleNet™
Fl ResNet!” 125 U8 5 I 1) I 2% ] B A5 SR o 3 (RS T2,
R 23 3 ORI 3 B B A, Rk, o - LA o) 7, A A
TE (0 Tt X % 225 A AN I 5 7 325 DA PR UE 55 v s 5 ) (]
TR S 1, 2 H A3 32 7 g 1 2 1

NTRRRE IR Z AR B FRENLE AN T
BEFK R, ASC AR #8 N 5 NS Hax — 4155 A i,
JET Faster R-CNN H Bkl i} 2 1447 e50dk SEE N e A
W RS 1R 01, 7E Caffe GPU IR 2% I HEZE k4T
S 25 AR, SR A SO Faster R-CNN-H FRs i k¥

2% BE G NI B BRI ARG HE (KR,

1 Faster R-CNN f&j 4

Faster R-CNN A& H 2 MEHLLH R A Rl 3% X 45
ff) RPN BB Al Fast R-CNN H Arf il f e, RPN bk
PR AR X8, F A A <E R ML, ik Fast R-
CNN A J7 A R H AR, 55, RPN P28 i 56 77 A=
AT BE A2 AR RIS EE 1 H Ar e A, S8 5 Fast RCNN 2
THEHCH I AE SRt B ﬁ*ﬁiiﬁ!ﬂi%%ﬂ,

11 RS M% v

EEXF R-CNN F Fast R-CNN ' selective search 4
9526 B E s HESCHE (91356 17, Faster R-CNN 5| A T
Eiﬁﬁiﬁ(lﬁ]%ﬁ% Selective Search &0y T 4= Al H 5
HVCE"Y, B K AR T T H bR UHE Fr) 2B B .

RPN (P54 AR R FERHAE B 3R B B A vl e H
i e DX 3, 2 J8 sk 7 5 4R 1 X 2% 25 8 B R G AR 2
A4 T4 2ok R B AR RN BB 1903 H A 32 SHE APt
M H P57 £ RPN K H 218 30 & DAL, A8l &
#4722 — AN P REAIE [ =R N B 4 i 82 2 it
A7 7 B AN ) T RN B A B[R] R
% AN 33 DX 3, A REAN 67 B D TN A 32 IX 3 1) A
Nk R, FH)ZERE 4 AN, gl kAN D SE 1)
4 NARKE, Sr st 2k MR B, T X 4R i1
8 LA i WE = BT 1 3¢ f % Sproposal”y H A7
R, ZZ T B B A SR L ARAE, Il it Rk
02V 5 2 A T 48 A5 0 #0053 LKA, B
s ARHE I (5645 2 RPN o144t I bR i
HE, I MR 256 /™ H AR 8 UUHE 1 9 RPN 945 (1 4 s
1.2 X2 I g5k R 3

TEYIZR RPN 48, S AE A HE 43 it — A 8
FR2E, T MZIIZR, K LUT 2 Pl 7 Bl B AR 25

(1) 5FAE S H 3 X AEH ToU (Intersection-
over-Union) iz K [FIEHE.

(2) SRR FESH AR XIEHER) ToU KT 0.7 HMEiL
HE. NFT A ESE B AREEHER IoU /N 0.3 FIfEIEHE >
B AR RE, SR 5 BEAT N 48 I 25 3F i 2 2. U I3 %
SREUE st (1) Fiow.

LAp ) = X Lot (i) +4 Nig > i Lreg (1)
S i
M

Horp, i FROR/P IR AL B 5 | MRIEHER I, p, /&
551 MEEMEDY H PRI, 25 1 Rk B bR, W p*

Research and Development ff 73 7 & 239

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20194F 5528 % %5 121

N1, BN 0. t={tx, ty, tw, th}y fe—A AR, TR TR
(19 2 B0 R i S HE AL B . 2% 2 X6 I ) A B 5 H AR ATE 1)
AR R ¢ B xR s (2) Bk,

ty = (x=xg) [ warty = (Y= Ya) [ ha

tw =logw/wg), 1, =log(h/hg,)

£ = (8 =) Warty = " = va) [ @

t, =log(w*/wa), 1, = log (h/ha)
For, (x, ) A DXIBHE (1) 0 s AR (o, va) P AE (1)
HG AR AR (%, y) N H bR ELSEHE AR AR, w R A L
FEIHE Fr) 8 A . RV 1 H ROAE T 4R 31— FhoOC R0 IR 4R
HE R B 1) 5 FLSEHE GBI R [ VA AE

I AR B Loy € AN (3) P,

Leg(pip}) = —log[pipi+(1-p]) 1 =p)| 3
[BLE 5 BB Lo 5€ LK (4) P,
Lyeg (11:17) = R (1177 (4)
Lo, R smoothyy WAL, smoothy, BEIN (5) iz,

0.5x%,  |x <1

smoothr (x) = { IX|—0.5, |x>1 ©)

1.3 Fast R-CNN

Fast R-CNN 41 5 % B3 X 333t 47 290 40 F R0 7
B IAERLUE, BT RPN 8 H 1B X 2 B a S E
b LA K% B ARFIZE 5, HAS IERE 67 B AL bR, RPN 45 H
T 2000 MEIEHKE, Fast R-CNN /4% 75 ZEAE 2000 /M5
HEAE Ak EAT oy AL B S AU R,
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AR EIFAE NG BRI R T, N T RERS
FIBE R R PRIE A AT I RE, T B S RE W E
FEAIERNERE N, KK R SEEE AR, K
MBS G BN A I R TR N R A R ) 2 5]
R TEI R BN B85 5000 B L5 B B & |

e FER R HL EIHERS HESH mAP
1 0.001 0.1 - /
2, '0.001 0.01 - 0.9034
B\ 0.001 0.001 - 0.9128
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